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Computational Modeling and

Simulation in Biological Systems

• For living systems we should correlate process
and relationships considering:

– genetic blueprint

– chemical interactions (VDW, ionic and hydrogen bonds)

– mechanical forces (stress/strain)

– environmental dynamics (aero, hydro)

– sensory inputs, processing methods, and behavioral
dynamics

– consider scale - from macromolecular assemblies to
organisms
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Neural
System

Leg
Dynamics

Body
Mechanics

Muscles Wrenches
MotionElectical

Mechanical Effects

Proprioception

Current Computational
Problems

• Optimal use or study of cells or
tissues as components of working
devices or materials (TBB)

– sensors

– computational devices

– actuation materials

• Single/Group organism fitness
(CBBS)

– control of locomotion

– pattern or target recognition

» autonomous systems, robotics

– swarm, group dynamics
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DARPADARPA Cells As Systems

• Cell is unit machine in biology
responsible for systems level processing

• communicative
• regenerative and progenic
• self-powering/mobile

• Cells respond to environment in specific,
reproducible and redundant ways

• oxygen/nitrogen radicals
• biochemical markers - cytokines/growth

factors
• morphological/structural
• genetic

• Cells as detector components
To identify of threat

• processing will result in identification
• amplification of response

• How does cell information relate to 
tissue, organism response

• pathogenesis
• human health risk
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Systems Complexity at the

Organismal Scale

• Fitness based

– optimize genetic passage, forage,
reproduce, avoid predation

• Force dynamics of locomotion

– legged, winged coordination and
control

• Neuronal processing of motor
and sensory systems

– olfaction, vision, acoustic
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INTRODUCTION
ä Initially intended to facilitate collaboration

between two DARPA programs

ä Was expanded later to include a larger 
audience because of synergy with DARPA’s
‘Biofutures’ goals and objectives

ä Goal is to bring together biologists, engineers,
computer scientists, mathematicians, …, to
explore and discover new science/technology
at the intersection of biology, systems 
engineering and information technology

ä Long-term focus on technologies with highest
relevance to National Defense and DoD needs !
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DARPA Goals and Objectives
ä SENSING AND DETECTION OF CHEMICAL & 

BIOLOGICAL WARFARE AGENTS

F Mimicking behavior of biological systems for 
military and civilian use (e.g., electronic dog’s 
nose)

F Spin-offs in bio-medical industry for diagnostics & 
analysis devices, implantable sensing and drug 
delivery devices, etc.

F Scientific advances at the intersection of biology 
with traditional DoD technology, e.g., bio-
materials ; bio-electronics/circuits ; self-assembled 
molecular structures ; nano-biotechnology ; …..
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Deployment of Bio-Deployment of Bio-ChemChem Sensors Sensors
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Bio-Molecular Sensor SystemsBio-Molecular Sensor Systems

Anthrax Protective Antigen

Nanoparticle
Probes

Probe 1 Probe 2

+

Bio-Molecular
Transport and
Chemistry 

 Interfacing with
Electronics,
Mechanics,
Optics, ...

Molecular Recognition

Electrical Signal

Optical Signal

Mechanical Signal

Bio-Chip
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Desired Sensor Attributes
ä Sensitivity with small sample sizes

ä Specificity in detection, i.e., no false positives

ä Detection in minimum time

ä Highly integrated, small size, reconfigurable

ä Able to handle exposure to the environment
for an extended period (Continuous sampling
and processing)

Reliable, robust, quick and portable
INTEGRATED ANALYSIS SYSTEM !!
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Bio-Molecular SystemsBio-Molecular Systems
ChallengesChallenges

F Limited property/chemistry information on molecular
recognition (enzyme-substrate, antigen-antibody,
receptor-ligand, cell-cell, …)

F Lack of understanding of scaling behavior
F Lack of understanding of  multi-disciplinary

interaction - Mixed Technology Integration

ä Modeling tools are necessary to understand
complex interactions in biological systems

ä Modeling of multi-scale, multi-disciplinary
interactions will enable exploration of novel
concepts and the design of integrated bio-
molecular systems (bio-chips)
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Modeling and SimulationModeling and Simulation

DEVELOPMENT OF BASIC THEORY

•  Relationship between parameters

DEVELOPMENT OF BASIC THEORYDEVELOPMENT OF BASIC THEORY

••   Relationship between parametersRelationship between parameters

DESCRIPTION OF PROCESS

•  Qualitative
•  Quantitative

DESCRIPTION OF PROCESSDESCRIPTION OF PROCESS

••   QualitativeQualitative
••   QuantitativeQuantitative

SCALING BEHAVIOR

• Bio-Molecular  Systems

SCALING BEHAVIORSCALING BEHAVIOR

•• Bio-Molecular  SystemsBio-Molecular  Systems

EXPERIMENTAL
VALIDATION

EXPERIMENTALEXPERIMENTAL
VALIDATIONVALIDATION
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ELECTRONIC MECHANICAL

MAGNETIC
THERMAL

FLUIDIC

CHEMICAL

BIOLOGICALOPTICAL

MICROWAVE

(Electromagnetics)

(Digital/Analog)

INTEGRATED BIO-MOLECULAR SYSTEMS
Adapted from David Nagel, Naval Research Laboratory

ä System technology is much more complex due to interaction
of mixed technologies - electronics, mechanics, optics,
fluidics, chemistry, biology, …

ä Computational modeling and simulation essential for
development  of Integrated System technology !

Integrated Bio-Molecular Systems
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Breakout Sessions

ä Three groups of about 20 people each

ä Session Leaders :

 1. Greg Kovacs, Stanford University
 2. Linda Griffith, MIT
 3. Bob Eisenberg, Rush Medical Cntr

ä Session format is highly flexible ; a set of
questions are provided to get the discussion
going

ä Session leaders will compile the comments/
views of each group and present these to the
audience
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Closing Comments

ä Continue thinking about the issues that we
discussed today

ä Feel free to send us your ideas

ä Please bring up other relevant issues that did
not get discussed today ; could be topics for
future workshops !

ä All speakers - please submit electronic copies
of your presentations to Rhonda Warner 
(rwarner@sysplan.com)

ä Thanks for coming.  Have a safe trip back !



The E-Cell Project Towards
Reconstruction of the Cell

Masaru Tomita
Laboratory for Bioinformatics

Keio University



Self-introduction-- Masaru Tomita

n Born in Tokyo
n Ph.D in Comp. Sci. from CMU (85)
n Nickname – “Tommy”
n Also Ph.D in Mol. Biol. from Keio
n Professor and Director,
    Lab. Bioinformatics, Keio University



The Cell

n A large collection of chemical reactions
n Each reaction is rather simple
n Overall behavior is quite complex









Construction of “Virtual Cell”

n It has:
n 127 genes

n 4268 molecular species

n 495 reactions

n It performes:
n glycolysis
n lipid synthesis
n transcription, translation and

degradation



Genome of M.genitalium



The 127 Genes



E-CGlycolysis Pathway



E-CELL
Phospholipid Biosynthesis





Translation Initiation



Translation Elongation





Cell Death



ATP in Starving



Science 284 Apr 2 1999



The E-Cell Project
n System group

n E-Cell software development ( )
n Mathematical analysis (3)

n Modeling group
n Human erythrocyte (6)
n Mitochondria (2)
n E.coli chemotaxis (2)
n Gene expression/replication system (6)
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The Erythrocyte Model
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Enzymes and Reactions of Human
Erythrocyte (Basic model)

Enzyme or Reaction ID Group Reactor Reaction mechanism
Glutathione turnover GSHox PPP GSHoxReactor Mass action
Glutathione reductase (NADPH) GSSGR PPP GSSGRReactor Ordered Bi Ter mechanism

Glucose  6-phosphate dehydrogenase G6PDH PPP G6PDHReactor Ordered Bi Bi mechanism
6-Phosphogluconolactonase 6PGLase PPP MichaelisUniUniReactor Michaelis Menten mechanism
6-Phosphogluconate dehydrogenase 6PGLDH PPP GL6PDHReactor Ordered Bi Ter mechanism
Ribose 5-phosphate isomerase R5PI PPP UniUniReactor Uni Uni mechanism
Xylulose 5-phosphate isomerase X5PI PPP UniUniReactor Uni Uni mechanism
Transketolase I TK1 PPP PingPongBiBiReactor Ping-Pong Bi Bi mechanism
Transketolase II TK2 PPP PingPongBiBiReactor Ping-Pong Bi Bi mechanism

Transaldolase TA PPP PingPongBiBiReactor Ping-Pong Bi Bi mechanism
Hexokinase HK Glycolysis HKReactor
Phosphoglucoisomerase PGI Glycolysis UniUniReactor Uni Uni mechanism
Phosphofructokinase PFK Glycolysis PFKReactor
Aldolase ALD Glycolysis OrderedUniBiReactor Ordered Uni Bi mechanism
Triose phosphate isomerase TPI Glycolysis UniUniReactor Uni Uni mechanism
Glyceraldehyde phosphate dehydrogenase GAPDH Glycolysis RapidEquilibriumReactor Mass action

Phosphoglycerate kinase PGK Glycolysis RapidEquilibriumReactor Mass action
Diphosphoglycerate mutase DPGM Glycolysis DPGMReactor Michaelis Menten mechanism
Diphosphoglycerate phosphatase DPGase Glycolysis MichaelisUniUniReactor Michaelis Menten mechanism
Phosphoglyceromutase PGM Glycolysis RapidEquilibriumReactor Mass action
Enolase EN Glycolysis RapidEquilibriumReactor Mass action
Pyruvate kinase PK Glycolysis PKReactor

Pyruvate transport process PYRtr Transport RapidEquilibriumReactor Mass action
Lactate dehydrogenase LDH Glycolysis RapidEquilibriumReactor Mass action
Lactate transport process LACtr Transport RapidEquilibriumReactor Mass action
Leak of Potassium K_Leak Transport LeakageReactor
Leak of Sodium Na_Leak Transport LeakageReactor
Sodium/potassium pump Pump Transport PumpReactor
AMP phosphohydrolase AMPase NM MassActionReactor Mass action

Adenosine deaminase ADA NM MichaelisUniUniReactor Michaelis Menten mechanism
Adenosine kinase AK NM MichaelisBiBiReactor Michaelis Menten mechanism
Adenylate kinase APK NM RapidEquilibriumReactor Mass action
Adenosine triphosphate phosphohydrolase ATPase NM MassActionReactor Mass action
Adenosine monophosphate deaminase AMPDA NM MichaelisUniUniReactor Michaelis Menten mechanism
Inosine monophosphatase IMPase NM MassActionReactor Michaelis Menten mechanism

Purine nucleotide phosphorylase PNPase NM RapidEquilibriumReactor Mass action
Phosphoribosyl pyrophosphate synthetase PRPPsyn NM PRPPReactor
Adenine phosphoribosyl transferase ADPRT NM MichaelisBiBiReactor Michaelis Menten mechanism
Hypoxanthine-guanine phosphoryl transferase HGPRT NM MichaelisBiBiReactor Michaelis Menten mechanism
Hypoxanthine transport process HXtr NM HXTRReactor
Magnesium complexation of ATP MgATP_maker ComplexReactor Mass action
Magnesium complexation of AMP MgAMP_maker ComplexReactor Mass action

Magnesium complexation of ADP MgADP_maker ComplexReactor Mass action
Magnesium complexation of 2,3DPG MgDPG_maker ComplexReactor Mass action
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Metabolic intermediates of human erythrocyte:
Steady-state concentration (Basic model)

Metabolic intermediate ID Predicted Initial Predicted/Initial Observed
1,3-Diphosphogrycerate 13DPG 1.83E-04 4.00E-04 4.58E-01 4.00E-04

2-Phosphogrycerate 2PG 4.16E-03 1.40E-02 2.97E-01 1.40E-02 •} 5.00E-03
3-Phosphogrycerate 3PG 4.62E-02 4.50E-02 1.03E+00 4.50E-02
Adenosine ADO 8.93E-06 1.20E-03 7.44E-03 1.20E-03 •} 3.00E-04
Dihydroxy acetone phosphate DHAP 1.35E-01 1.40E-01 9.62E-01 1.40E-01 •} 8.00E-02
Erythrose 4-phosphate E4P 1.17E+00 4.70E-04 2.48E+03 -

Fructose 6-phosphate F6P 6.39E-02 1.60E-02 3.99E+00 1.60E-02 •} 3.00E-03
Fructose 1,6-diphosphate FDP 1.14E-02 7.60E-03 1.50E+00 7.60E-03 •} 4.00E-03

Glucose 6-phosphate G6P 1.96E-01 3.80E-02 5.16E+00 3.80E-02 •} 1.20E-02
Glyceraldehyde 3-phosphate GA3P 6.24E-03 6.70E-03 9.32E-01 6.70E-03 •} 1.00E-03
Gluconolactone 6-phosphate GL6P 7.62E-06 1.17E-05 6.51E-01 -
Gluconate 6-phosohate GO6P 2.72E+00 1.86E-01 1.46E+01 -
Glutathione GSH 3.21E+00 3.21E+00 1.00E+00 3.21E+00 •} 1.50E+00
Glutathione GSSG 1.03E-04 1.06E-04 9.74E-01 -

Hypoxanthine HXi 9.32E-06 2.00E-03 4.66E-03 2.00E-03
Inosine monophosphate IMP 5.03E-03 1.00E-02 5.03E-01 1.00E-02

Inosine INO 3.32E-08 1.00E-03 3.32E-05 1.00E-03
Potassium Ki 1.26E+02 1.35E+02 9.36E-01 1.35E+02 •} 1.00E+01
Lactate LACi 1.20E+00 1.10E+00 1.09E+00 1.10E+00 •} 5.00E-01
Nicotinamide adenine dinucleotide NAD 8.87E-02 6.20E-02 1.43E+00 -
Nicotinamide adenine dinucleotide NADH 3.13E-04 2.70E-02 1.16E-02 -
Nicotinamide adenine phosphate NADP 8.06E-05 9.60E-05 8.39E-01 -
Nicotinamide adenine phosphate NADPH 6.58E-02 6.58E-02 1.00E+00 6.58E-02
Sodium Nai 2.27E+01 1.00E+01 2.27E+00 1.00E+01 •} 6.00E+00
Phosphoenolpyruvate PEP 1.89E-02 1.70E-02 1.11E+00 1.70E-02 •} 2.00E-03
5-Phosphoribosyl 1-phosphate PRPP 6.91E-05 5.00E-03 1.38E-02 5.00E-03 •} 1.00E-03
Pyruvate PYRi 6.00E-02 7.70E-02 7.79E-01 7.70E-02 •} 5.00E-02

Inorganic phosphate Pi 1.30E-01 1.00E+00 1.30E-01 1.00E+00
Ribose 1-phosphate R1P 2.12E-05 6.00E-02 3.53E-04 6.00E-02

Ribose 5-phosphate R5P 2.81E-04 3.30E-02 8.52E-03 -
Ribulose 5-phosphate RU5P 1.48E-04 1.29E-02 1.15E-02 -
Sedoheptulose 7-phosphate S7P 7.49E-02 2.30E-01 3.26E-01 -
Xylulose 5-phosphate X5P 4.30E-04 3.90E-02 1.10E-02 -
2,3-Diphosphogrycerate 2,3-DPG 4.21E+00 4.50E+00 9.36E-01 4.50E+00 •} 5.00E-01
Adenosine diphosphate ADP 2.20E-01 2.70E-01 8.16E-01 2.70E-01 •} 1.20E-01
Adenosine monophosphate AMP 2.42E-02 8.00E-02 3.02E-01 8.00E-02 •} 9.00E-03
Adenosine triphosphate ATP 1.57E+00 1.54E+00 1.02E+00 1.54E-00 •} 2.50E-01



Hereditary Anemia

n Enzyme deficiency in erythrocyte
n Hexokinase
n G6PDH
n Phosphofructokinase
n Pyruvate kinase
n Etc.

n Kinetic parameters of these defective
enzymes are available

n Pathological analyses



Chemotaxis:
Swimming Behaviour of E coli

Anti-clockwise
flagella rotation

Clockwise
flagella rotation



“Sense” and “Memorize”
attractant concentration



Signal Transduction for Chemotaxis



n Gene expression system
n Protein transport
n Metabolite Carriers
n TCA Cycle
n Electron Transport
n Fatty Acid Metabolism

n 37 genes
n 30 enzymatic reactions

Modeling Mitochondria



Kinetics – bad news is…

n Not enough quantitative data
n Kinetic parameters
n Steady state concentration
n Flux rates etc.



Kinetics – good news is…

n Changing kinetic parameters does not
often affect qualitative behavior (Barkai
and Leibler 1996)

n Precise values not necessary for most
parameters

n E-Cell may tell what parameters are
crucial/sensitive



Towards modeling real cells

n Genome / proteome / metabolome
analyses

n Systematic analyses of quantitative data
n Software engineering

n International consortium
n Standardize knowledge representation



E-Cell Software Release

n The E-Cell software has been made
available for the public (beta version)

n Available from
n http://www.e-cell.org/
n User’s manual in English and Japanese

n Windows version in 2000



Localization And Population Biology

David Nelson

(nelson@cmt.harvard.edu)



Collaborators: Nadav Sherb (Jerusalem)

Karin Dahmen (Illinois)

Yural Oreg (Harvard)



No presentation availableNo presentation available



Some Practical Experiences with
Simulation in Microfluidic Systems

Gregory T. A. Kovacs, M.D., Ph.D.
Stanford University Department of Electrical Engineering

kovacs@cis.stanford.edu

DARPA Workshop
Nov. 18, 1999, Arlington, VA



G. Kovacs, Stanford University

BIOFLUIDICS AND VASCULAR
DEVICES

Patient-specific models
constructed from
diagnostic imaging data.

Computer simulations
of blood flow to evaluate
alternate treatments.

Courtesy Prof. Charles Taylor



G. Kovacs, Stanford University
Courtesy Prof. Charles Taylor
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20µm

PyrexPyrex

SiliconSilicon

AnodicAnodic Bond Bond

EXAMPLE
MICROFLUIDIC

CHANNEL
STRUCTURES

Self-SealedSelf-Sealed
ChannelChannel

Bubbles InBubbles In
Flowing LiquidFlowing Liquid

Multi-LevelMulti-Level
Channels in SiliconChannels in Silicon
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FLOWS AT LOW REYNOLDS NUMBER

Q= 10 µl/min
v = 67 mm/s
Re = 4.4

Two parallel streams of dyed water showing mixing by diffusion only.
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Laminating Mixer: Structure

• SEM Photograph:

Inlet 1

Inlet 2

Inlet 1

Inlet 2 500 µm

• Illustration of
Multi-Levels:
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500µm

SEMs of top level
of channels and
vias of a multilevel
mixing structure.

500µm

Laminating Mixer: Fabrication
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The laminar flows are separated and rejoined after a cross-over is performed using the second level
of channels. Only one stage is shown here.

Fluid 2

Fluid 1

Laminating Mixer: Illustration
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Laminating Mixer: Operation

Experiment:

200 µm

Simulation:



G. Kovacs, Stanford University

Modeling Requirements for a
Portable Cell-Based Biosensor

• Cell-based biosensors use living cells as the front-end of their
transduction pathways.

• The cells must be maintained within a regulated environment that
provides for their physiological requirements.

• Modeling aids in the design for at least two environmental
requirements:

– Thermal regulation (37 °C for mammalian cells) in flowing liquid

– Gas exchange (Supply of O2 and removal of CO2) in static liquid



G. Kovacs, Stanford University

Chick Myocardial Cell AP Recordings

3 2

1

100 µm 500 µsec
1 mV

1

2

3
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Cell Cartridge CAD Design

Needle (FluidicNeedle (Fluidic
Interconnect)Interconnect)

Electronics PCElectronics PC
BoardBoard

Cartridge PCCartridge PC
BoardBoard

Silicon Die &Silicon Die &
ChambersChambers

ZIF socket (ElectricalZIF socket (Electrical
interconnect)interconnect)

Fluidics ChannelFluidics Channel

1 cm
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Hybrid Biosensor Stereo Lithography
(SLA) Prototype

ZIF Socket
(Electrical
Interconnect)

Electronics PC
Board

Chamber PC
Board

Silicon Die &
Chambers

Septa (Fluidic
Interconnect)

Fluidics Channel
1 cm
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Integrated Cell Cartridge for Hand-Held Biosensor

Septa (Fluidic
Interconnect)

Cartridge PC
Board

Silicon Die &
Chambers

Highlighted
Fluidics
Channel

Design:  D. DeBusschere, Stanford University
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Prototype Hand-Held Biosensor

Integrated Cell Cartridge

LEDs indicate AP activity

LCD for system
control and real time
graphing of
experimental data

Removable flash
memory cartridge
(2MB) for data
storage

Buttons for menu
selections

Design:  D. DeBusschere, Stanford University
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Low noise AP amps and filters

pH & Temp amps

Pump
control
electronics

Rechargeable batteries

Serial
uplink allows
monitoring
and analysis
by host PC

Battery
charger

Speaker jack

Mixed signal (Stimulation DAC, ADCs, etc.) Microcontroller & SRAM
DC-DC
converter

Pump
cavity

“Guts” of the Biosensor

Design:  D. DeBusschere, Stanford University
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Thermal Modeling of Cartridge

Cartridge PC
board

Septum (fluidic
Interconnect)

Silicon die &
chambers

Highlighted fluidics
channel

Silicon Die &
Chamber

Fluidics
Channel

Predicted
Regulation at
Cells Better
Than 0.1 °C at
10 µL/min
flowrate.
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Model/Mesh

• Half-symmetrical model used for thermal and gas
diffusion simulations

• The fluid channels and silicon die have been filled
in with gray.
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Additional Thermal Flow Analyses

• All thermal plots assume a 10 uL/min flow rate.
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Modeling of Oxygen Diffusion

• Computer simulation of oxygen diffusion through gas-permeable chamber
walls and the culture media to the cells.

• The simulations indicate that the design will be able to provide sufficient
oxygen to meet metabolic requirements.

20 x10-18 mol/(cell•sec) 40 x10-18 mol/(cell•sec)

kPa O2
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CMOS Interface Chip
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Harder Things to Model

• Mass transport with and without chemical interactions:
– Adsorption/absorption
– Specific binding
– Contact angle effects

• Surface morphology effects.
• Bubbles and particles (and cells).
• Menisci.
• Multi-fluid systems (hydrocarbon/water, air/water, etc.).
• Ultrasonic energy effects.
• High-fidelity action potential generation/control.
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Conclusions

• Modeling tools have been extremely valuable in developing several
microfluidic devices.

• No integrated tool set yet exists, and we use a patchwork of
different software to meet our needs.

• Many important areas in microfluidics are not yet addressed by
modeling tools (bubbles, cells, surfaces, chemistry, multiple fluids).

• Continued improvement in modeling for microfluidics will enable
next-generation devices and make the design process much more
efficient.

• To be useful, simulation tools must give correct answers on a
much shorter timeframe than building and testing physical
devices.
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• Defense Advanced Research Projects Agency.

• National Science Foundation.

• Office of Naval Research.

• Corporate members of the Center for Integrated Systems.

• General Motors, Inc.

• Analog Devices, Inc.

• Medtronic, Inc.

• William Hewlett and the late David Packard.

• The family of the late Robert Noyce.

THANKS TO OUR SPONSORS!



Scaling and Simulation Approaches
for Microchemical Systems

Klavs F. Jensen

Departments of Chemical Engineering
and Materials Science & Engineering

Massachusetts Institute of Technology,
Cambridge, MA 02139, USA

(617) 253-4589 (voice)  (617) 258-8824
kfjensen@mit.edu



MIT

15 mm

20 mm

MicroChemical Systems - Motivation

m Advantages:
•   Integration of chemical transformations with sensors and actuators
•   Portable, flexible, and smart devices
•   Packaged system for distributed - on demand - on time - manufacturing
•   Fast scale-up to production by replication 
•   Safety - less inventory - safe handling of reactive, hazardous chemistry
•   Performance - access to extreme operating conditions
•   New methods for high throughput reaction/catalyst screening    

Felice Frankel500 µmFelice Frankel

Gas-Phase Reactor Multi-Phase Reactor
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Simulation of Microchemical Systems

Mesh

Generation

Process

Simulation

l Approach
• CAD based finite element mesh generation with materials

characteristics and boundary condition definition
• Coupled fluid flow, heat and mass transfer, with chemical

kinetics

l Design of new microchemical systems
• Iterative redesign process is time consuming and expensive

l Integration and scale-up of microchemical systems
• Optimization and simplified models for control systems
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1 nm 1 µm 1 mm 1 m

Chemical Processes Involve Multiple Scales
Molecular
chemistry

Macroscopic Continuum
Equations - Finite

Element/Finite
Difference methods

Monte Carlo -
Continuum
Equations

Quantum Chemistry
Molecular Dynamics

Catalyst Particle Chemical Reactor

Molecular
data individual

transitions
Average rates

and fluxes

Kinetic rate
expressions,

boundary conditions
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Membrane Based Gas Phase Microreactor

l Integrated heater and sensors
l Catalyst placed on under side of

membrane
l Reaction energy localized to

membrane
l Reactions:

• Partial oxidation, pyrolysis, and
hydrogenation

303         355          406         457       483 (K)

Cross section

Top view of SiN membrane
l Issues:

• Catalyst deposition
• Control
• Heat dissipation for highly

exothermic reactions
• Robustness

15 mm

20 mm

Catalyst

Reaction Channel

50 µm

10 µm
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Thermal Modeling

l Prediction of Temperature vs.
Power curves

l Membrane design (with Abacus)

303         355          406         457       483(K)

Cross section

Top view of SiN membrane

0 2 5.4 mm

Heater
Segment T up T down

50 sccm

Gas
Flow

Computational Domain

T up (exp)
T down (exp)
T up (sim)
T down (sim)

Gas
Flow
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Extinction

Lower S.S.

Upper S. S.

Heater Power
T

em
p

er
at

u
re

Ignition/extinction Behavior

m Highly exothermic, fast reactions with potential for thermal runaway.
Used to produce important chemical intermediates, conversion and
selectivity are critical issues    

Cold

Ignited

Butane dehydrogenation
• Autothermal reactor operation.
• Operating temperatures 800-950 °C.

Ignition
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Use of Simulations for New Reactor Designs

Si
Pt

Pt

SiN

Al

Power (W)

50

100

150

200

250

0 0.5 1 1.5 2

T-Sim
T-exp

Use simulations to evaluate new
membrane materials/thickness
before making device

l Goals:
• Increase heat transfer from reaction zone to

quench ignition/extinction behavior
• Increase robustness of membrane

• Membrane construction
• Membrane geometry
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Microreactor for Liquid Phase Chemistry
Integrated Heat Exchangers and Temperature Sensors

Th1

Th2

Tc1

Tc2

Thin-Film Temperature Sensor

U = 1500 W/m2°C

Heat Exchanger

R/Ro vs. Temperature

0.95

1

1.05

1.1

1.15

1.2

1.25

0 20 40 60 80 100 120
Temperature (°C)

Experimental Data
Literature Value

R
/R

o

500 µm

air gap
cooling fluid

reaction mixture

50µm
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Simulation of Mixing Data:   Acid-Base Reaction
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100 µm Exp. Model
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Multi-Channel Packed-Bed Reactor

1.5 cm

0.06
 cm

10 Channels
40 µl Volume



Fabrication Process

Channel array for distribution
and collection

 Silicon

500µm

Pattern and deep reactive ion etch
top-side to form channels; etch
back-side to form access ports

Fusion bond two layers of silicon;
Anodic bond Pyrex wafer to cap
top channels

Simulation provides insight into fluid
distribution and pressure drops
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Distribution of Fluids to the Catalyst

Even distributionPoor distribution and channeling

l Detailed structure of
multiphase flows can
generally not be
predicted with standard
CFD tools
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Model Reaction and Mass Transfer

Example:  Cyclohexene hydrogenation

PH2(gas)

r = ηk[H2](s)

[H2] (l)

?k
1

ak
1

ak
1

][H
Rate

ssil

(i)2

++
=

H2

gas-liquid liquid-solid intra particle

Strategy :  Average over length scale - starting with smallest dimension
                  Equate fluxes across boundaries
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Multiphase Microreactor Mass Transfer Characteristics

l 100 fold improved mass transfer in microfabricated device

1.00E-07

1.00E-06
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Typical Values for kLa (s-1) Macroscopic equipment

Microreactor
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Using CFD to Design A Filter

Flowing
Beads

Comb structures

Fluid channels

m Transport simulations
help guide the design of
microfluidic components
- a microfilter for
separation of beads from
a process stream

Poor design
NO filtering
only mixing

Improved
design with

particle filtering
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Particle Laden Flows

Particles drafting, kissing
and tumbling in
Newtonian liquid

l Particles draft, kiss, and
chain in non-Newtonian
fluids

l Daniel D. Joseph*
University of Minnesota

l Simulations of particle (virus, cells, dirt…) laden
flows require state-of-the-art computational
approaches

*www.aem.umn.edu/Solid-Liquid_Flows/
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Bio-MicroFluidic Device

Simulation of Bio-MicroFluidic Devices
Involves Multiple Scales

l Multiscale modeling - “quantum-to-
process” - is beginning to be realized
for metal deposition in
semiconductor manufacturing,
simple gas-solid catalytic systems,
but the problems are far more
complex for biological systems
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Summary - Needs

l Homogeneous flows in microfluidic systems can be
simulated, but problems exist with:
• multiphase systems, concentrated particle laden flows, free

surface/surface tension flows, and surface chemistry

l Extension to bio-microfluidic systems will require:
• Strategies for handling multiscale biological simulations
• Methods for “lumping” fundamental biomolecular chemistry

chemistry into kinetic rate expressions and boundary
conditions suitable for transport simulations

• Fundamental understanding of intra and extra cellular
signaling, transport, reaction pathways, as well as interactions
with other surfaces

l Microfluidic systems could be useful in developing systems
for making experimental measurements of reaction and
interaction parameters needed for design of systems
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Tools and Methods for the Design
of Complex Bioanalytical Systems

John West
Microcosm Technologies



CAD for Biochemical Microfluidics
Example system model : Microfabricated SNP-Scoring DNA Sequence Reader

Pinched
DNA

Injector

Electrophoretic
Separation

Column

Confocal
Fluorescent
Detection

Signal
Processing
in Software

Performance
Metric

Instrument Control Param.

Internal State Variables

Separation Column
Submodels

Mobility model

Joule heating

Heat transfer

Diffusion

Anomalous dispersion



System level model
Based on coupled non-

linear multiphysics
differential equations

Component level model
Based on finite element

analysis (or related
techniques)

Microcosm provides practical coupling between
system and component level modeling

Automatic
extraction of

reduced-order
model from FEM

with non-linearities
and coupling.



Example: System and component modeling
Silicon micro-pump with no-moving-parts valves

• University of
Washington design

• Silicon micromachined
diaphragm pump,
piezoelectrically driven

• No-moving-parts design
supports transport of
particles, cells

• Valves - asymmetrical
flow resistors (with
diodicity)



System modeling example continued:
No-moving-parts valve

and corresponding meshed solid model

Meshed solid model 



System modeling example, continued
Simulation shows asymmetrical pressure-driven flow



System modeling example, continued
Pump system model : Contains reduced-order-model of

component (valve) extracted from FEM
Captures diodicity, non-linearity & full 3D geometry



Application Example: Pinched injection in an
electrophoretic capillary column

This is what one normally
injects - a wide trapezoid...

...But this is what you
would like to inject - a
piece of the narrow
stream headed for the
waste well



So Microcosm simulated reversal, just before
injection

Top row: Normal injection

Bottom row : Reversal added before injection



1st result : “The world’s fastest DNA separations”
(Dr. Luc Bousse, Caliper Technologies, 9/20/99 SPIE meeting, Santa Clara CA)
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Time after injection (seconds)

30 bases
N = 2 to 3 10^5

19 bases

18 bases



2nd possible result :
Returning microfluidics to silicon ?

• Sharper injection allows separation in shorter
channels
– (this data is from a 5mm channel)

• Shorter channels reduce the total voltage required for
separations
– (this data was from 150 V total)

• Bringing voltages down may make electrophoretic
separations possible in silicon
– (current standard designs use over 1,000 volts,

difficult in wet silicon)



Application Example:
Thermal Modeling in a Microreactor

Simulation can optimize reactor yield, purity

FlumeCAD couples fluid flow, heat transfer & chemistry



Application Example:
Analysis of Pressure Driven Flow

Comparison of Caged Fluorescence Imaging with Simulation



Application Example:
Electro-osmotic dispensing

Analysis can test robustness to zeta potential and
geometry variations



Application Example:
Manipulation of zeta potential along a capillary
Control of zeta potential is crucial to electro-osmotic designs

(and most electrophoretic ones too)



Application Example:
Diffusion in PCR on a chip

Analysis can optimize cycle times and control micro-well
cross-contamination



New : DropSim
Droplet formation in microfluidic systems

• Control droplet formation,
generation of satelites, etc

• Volume-of-fluids solver coupled
with Microcosm’s:
– Simulation management
– System modeling
– Visualization

• User interface optimized for
droplet 2-phase flow problems

• A new module, 1st available with
FlumeCAD v 4.6

• Drops can be ink, or DNA, or...



New : BubbleSim
• Optimized for bubble and

filling 2-phase flow
designs

• Volume-of-fluids solver
coupled with
Microcosm’s:
– Simulation management
– System modeling
– Visualization

• A new module, 1st
available with FlumeCAD
v 4.6

Chamber filling example



New : ReactSim
• Chemical reactions:

– in the volume of the fluid
– on surfaces

• Fully coupled to thermal
and electrokinetic models

• Example applications:
– Mobility-shift assays
– Microfluidic sample prep
– Hybridization-based systems

• New module, 1st available
with v 4.6

Example : binding assay



New : Catapult
A microfluidics-specific layout editor, new in V 4.6

Fluidic element generators
move creation/editing to the
level of parameterized
structures - Standard and
user-created



New : Catapult
Example of hierarchical design with object generators

Editing a channel width in an object
used to create one channel (left) will
affect all 96 in the mask(right).

Parallel DNA sequencer
design published by Prof.
Mathies, UC Berkeley



New : Catapult
Example : Complex fluidic structures generated

from parametric descriptions

Change channel width
and it redraws
automatically...

Change # meanders and it
redraws, keeping the
distance between inlet
and outlet constant, so
the meander stays
connected to the rest of
the fluidic circuit,
automatically.



Detection is a Problem in
Microfluidics...

• Fluorescence has become the standard for detection in
biochemical instrumentation due to a combination of
sensitivity and selectivity

• But the optical systems used for fluorescence detection
are typically macroscopic...

• New optical technologies enable micro-optical readouts:
– GaN diode lasers emit down to 400 nm
– Optical MEMS support optical system miniaturization
– Sandia has already published an integrated system

• SPIE. Santa Clara. Sept. ‘99



Optical MEMS at
Microcosm (coming…)

Microcosm is a microsystems
company, not just a fluidics company

BSAC Mirror and comb drive actuator

Optical system modeling



Design & modeling on a contract basis
Capture the value of our tools and expertise without building

in-house fixed costs



Microcosm Technologies, Inc
CAD for Microfluidic Instruments

• Focus on Mol. Biology applications
– e.g. molecular transport, not just CFD

• Whole instrument modeling
– made practical by extraction of reduced

order models from FEM

• Optical MEMS integration
• Services: design, analysis, fabrication...



Questions ?

• Contact info:
– John West
– Microcosm Technologies
– johnwest@memcad.com
– Web sites :

• www.flumecad.com (Microfluidics)
• www.memcad.com (MEMS)
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Discuss and Demonstrate Several Applications of Advanced Multi-
Disciplinary Computational Code, CFD-ACE+MEMS for Design and
Analysis of Microfluidic Biodiagnostic Devices

Capabilities of CFD-ACE+MEMS Include:

• Flow, Thermal and Mass Transport Analyses;
• Biochemical Reaction Kinetics (Bulk Flow/Surface Reactions);
• Mixing and Multi-Phase Calculations;
• Electrokinetics, Electrostatics and Electromagnetics;
• Structural Dynamics;
• Virtual Controls;
• Reduced Models for System-Level Simulation;
• Interface to MCAD, ECAD

INTRODUCTION
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PARTICLE/CELL SEPARATION

(University of Washington)

• Separation of Particles or Cells
in Biological Fluids

• Separation Based on Diffusivity
or Centrifugal Force

(Mesoscale Systems Tech.)

• Separation of Pathogens in Air

• Analyzed Performance at
Different Flow Rates

Sample

Indicator

Particle Size: 50µ

Blue:  5µ
Red:   15µ

H-Filter Aerosol Separator
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ELECTROPHORESIS MODELING

• Separation of BSA Protein (0.68 mg/mL)

• Buffer:  Arginine and Glutamic Acid
(15mM each)

• Current Density:  5 A/m2

• pH Gradient Setup by Buffer

pH Distribution at Different Times

BSA Concentration
Distribution

Iso-Electric Focussing

Num

Num

Exp

Exp
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ELECTROKINETIC SWITCHING

Sample Mass Fraction Distributions
at Different Times

• Voltage Switching Between
Injection and Separation

• Sample Plug Shape Controlled by
Voltage in Separation Channel

t = 0.038 sec

t = 0.065 sec

t = 0.11 sec
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Enzyme-Catalyzed Surface Reactions
Conversion of Factor X (FX) to Factor Xa (FXa) by Tissue Factor - Factor VII (TF:
FVIIa) Catalytic Complex on Layer of Cultured Vascular Smooth Muscle Cells in a
Microflow Chamber (Reaction Based on Michaelis-Menten Kinetics)

BIOCHEMICAL KINETICS MODELING

FXa Contours in the Flow Domain (Scale = 150y)

0.44

0.22

0

Mass Fraction

Vmax

(fmole/min/
cm2)

Wall
Shear
Rate
(s-1)

Numerical Flux
(fmole/min/cm2)

CFD-ACE+MEMS

Experimental
Mean Flux
(fmole/min/

cm2)

792 1280 532.5 593±32

200 80 138.9 138±33

124 20 85.5 95±20

Effect of Reaction RateEffect of Wall Shear Rate Model Validation
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BIOCHEMICAL KINETICS MODELING
Competitive Multi-Protein Binding Kinetics

0.83 0(µg/cm2)

Schematic of Processes

Model ValidationAlbumin Deposition on Microbead Array

• Convective-Diffusive Multi-Species Transport
• Competitive Adsorption Kinetics (2nd Order)
• Desorption Kinetics (1st Order)
• Conversion from Reversible to Irreversible State
• Validation: Reversible Surface Adsorption w/o
  Convection for a Dilute Plasma Solution
  with 3 Proteins in 1- D Domain
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DIRECT BINDING ASSAY

Antibody-Antigen Binding Kinetics in an Optical Biosensor System

1 0Non-dim. Analyte Conc.

TI-SPREETATI-SPREETA
Analyte Out

Analyte In

Reaction Area

Flow Traces in the
Biosensor Flow Cell
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DIRECT BINDING ASSAY (Contd.)

Association
Phase (1-4)

Dissociation
Phase (5,6)

Baseline Case (300 µl/min)

Typical Sensorgram

Effect of Analyte Flow Rate
on Surface Binding Kinetics

*

(* Based upon Rapid-Mixing Assumption)
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APPLICATION (CANARY Biosensor System)

Analyte - Antigen Molecules
  Bind to 2-D B-Cell
  Patch Along Flush/
  Recessed Surface

-  Direct Binding Assay
   Model Used in Study

-  Sample Flow Rates
   Evaluated: 5, 50 µl/s

-  Fluid Shear Stress
   Levels Along Binding
   Site Within Acceptable
   Range

Objective:  Investigate Effect of Sample Flow Rate and Flow Duct
                    Geometry on Surface Binding in the Biosensor 

Recess

Flow Velocity Vectors in Transverse Cross-Sectional Plane

Schematic of Flow Duct
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APPLICATION: CANARY Biosensor (Contd)
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APPLICATION: CANARY Biosensor (Contd)

Flush Configuration
Recessed Configuration

Transient Variation in Near Wall Analyte Concentration 

• Geometry of Flow Cell and B-Cell Patch as well as Sample Flow Rates 
   Can be Optimized Using Current Model to Improve Biosensor Performance
   (Rapid Detection with Improved Sensitivity)  



P-4942-2/13

DNA FILTRATION CHIP

DNA Capture

Capture Efficiency = 1.25%
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Temperature Field in a Single Flow Loop 
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LAYOUT-SOLIDS-MESH-SIMULATION

 

 

 

Simulation

Layout Solid Mesh

Higher-Order TVD Scheme

Mixing in a Static Micromixer

First-Order Upwind Scheme

CFD-MicroMESH
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MIXED-DIMENSIONALITY CAPABILITY
Filament Capability

Microfluidic Reactor Simulation

•  Filament : Thread or Thin, Flexible Thread-like Object
•  Purpose:  Embedded Additional Domains to Existing Base Grid
•  Usage:  Ideal for Shapes with Multiple Length Scales (Very Small+ Very Large)
•  Gridding:  Independent of Base Domain for Multiple, Arbitrary Shape Filaments
•  Solution:  Full Coupling Between Base Domain and Filament Physics
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SIMULATION OF DNA AMPLIFICATION

•  Fundamental Modeling of PCR has not been Explored Yet

•  Application of ACE+ Multistep Chemical Kinetics Capability for PCR Simulation
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Modeling Cell Electroporation
• Cell membrane electroporation (CME) opens

   up lipid-protein membanes.
• Can be controlled by E-pulses
• Can be used to extract intacellular
   components, implant foreign genes,
   deliver drugs, in-vivo PCR?

 

• Computational modeling of CME to
   optimize cell lysis region in bio-chip

ON-GOING/FUTURE DEVELOPMENTS

DNA Transport and Behavior in External Fields

0 µs
315 µs

• Transport and behavor of DNA in external
    fields: shear, temp., concentrations,
    electrostatic, electromagnetic,...

• DNA electroelastodynamics (EED)
  simulated at various levels:  Atomistic,
  Molecular, Brown. Dyn., Bead-Worm, FEM,...

• Investigating application of ACE+ Filament Module
  for coupling DNA EED and DNA transport in external fields.
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CONCLUSION

Multi-Disciplinary Computational Modeling Techniques
Can Be Effectively Applied for the Design and Analysis of
Microfluidic Biodiagnostic Devices and Biochemical Assays

Acknowledgements

Funding for this work was obtained through grants
from the DARPA/MTO Composite CAD Program

and from the NIST ATP Program



Receptor Mediated Regulation of Cell Behavior
A Highly Interactive Control System

Massachusetts Institute Of Technology

Linda Griffith



Nucleus

Characterization ofCharacterization of
Hepadnavirus ReceptorsHepadnavirus Receptors

Cytoplasm

p170



  

Days after Plating
1 3 5 8 1 1 15

Days after Plating
1 3 5 8 1 1 15

Replica tion

ccc DNA
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days after plating

10
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16 p120 (receptor)
ExpressionViral Entry into Cells (cccDNA)

& Viral Replication

Decline Concordantly with

Loss of Receptor Expression



cytoskeleton

extracellular
matrix

PHYSICAL SIGNALS

enzyme reaction
cascades

growth, metabolism, differentiation, migration, etc.

adhesion
receptor

KD

enzyme reaction
cascades

SOLUBLE SIGNALS
growth factor

cell membrane

Receptors -- Cellular "Thermostats"

growth factor
receptor

100-1000 different types per cell!



Cell Migration Speed:  
Effects of Adhesion Molecule (Peptide) “X”

Lab A:  cells move fast on “X”
Lab B:   cells move slowly on “X”

Student “GM” DATA

7/15/97

DATE Cell Speed (micron/hour)

8/12/97

9/30/97

22 ± 3

25 ± 2

41 ± 3

Should “GM” be fired?!

???
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Maheshwari et al. Biophys. J. 1998

NR6 fibroblasts in +EGF medium
migration on adsorbed fibronectin

Amount of Peptide “X” on surface

“GM” Data in Context

“ice”
“flypaper”

“carpet”



high low

A B

Adhesion-Based Cell Sorting
(cellular "self-assembly")

M. Steinberg, 1963

150 µm

²t = 1 day

low "surface tension" cells

high "surface tension" cells

cell-cell adhesion
receptor
(cadherin)

relative strengths of adhesion

mix



highest lowest ð
predicted outcomerelative adhesivity

highest lowest ð
predicted outcomerelative adhesivity

highest lowest ¾
predicted outcomerelative adhesivity

highest lowest
relative adhesivity predicted outcome

¾
cell type A - surface
cell type B - surface

cell type A - cell type A

cell type A - cell type B
cell type B - cell type B

Cell Sorting on Surfaces
Cell-Cell Forces > Cell-Surface Forces

Cell-Surface Forces > Cell-Cell Forces

Adhesive Interactions

Intermediate (examples)





blood flow

portal triad

central vein

endothelium

hepatocyte

portal vein

hepatic artery

bile 
duct

sinusoidal  
space

Basic Structural Unit (Capillary Bed) of Liver



medium
reservoir

O2

silicon chip
filter/support

microchannel

tissue

lens

excitation

emission

laser
excitation

to PMT

capillary

tissue
cells

Vascularized Tissue Sensor System Components



Polycarbonate Bioreactor Array



DRIE silicon scaffolds, 250 micron
deep channels

mouse ES cells

Non-classical embryoid body
formation in DRIE silicon
scaffolds.

Optimal channel size > 600 µm.

Static culture.

Microfabricated structures for tissue engineering
liver

liver cells

perfusion
bioreactor

griffith, powers, et al. ‘99

Calcein AM/ethidium homodimer stain;
0.2 mm x 0.2 mm channels
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Modeling the CANARY Sensor

Computational Modeling and Simulation of Biological Systems

Ann Rundell
MIT Lincoln Laboratory

11/18/99

Funded by DARPA , TBB program
Initiated March 1, 1999
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Description of the CANARY Sensor

• Rapid ID of bio-agent near single particle level
• Identifies biological agent by exploiting the specificity &

signal amplification of B cells
– Cells have been transfected with an aequorin gene to make

them emit photons when activated by the appropriate antigen

CCD Imager

1: Anthrax

Cell compartment

Principle

(2) Binding
event

B cell with
aequorin

gene

Transparent substrate
CCD Imager

(1) Introduce
bioagents

(3) Ca2+

release

(4) Photon
emission
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Objectives of Modeling the CANARY
Sensor

• Assist sensor design
– Model modules

 agent delivery
 sensing mechanism
 detection system
 signal processing

– Explore various module configurations
– Evaluate trade-offs for components
– Design system to optimize sensor/system performance

• Predict system performance
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Computational Approach

Transport of
Antigen to Cells

Photon
Detection

Photon Emission
of Cell Response

to Antigen

cells

• Improve antigen
presentation to B-
cells

• Understand
design tradeoffs

Microfluidic CFD* 1) Empirical
2) Phenomenological

• Understand
relationship of
signal transduction
pathway elements

• Anticipate results of
cell engineering

1: Anthrax

Cell compartmentCCD Imager

+

• Compare various
strategies for
photon detection

– Intensifier &
CCD, PD, or APD

• Develop algorithm
to detect antigen
stimulated photon
generation

Binding
State Data

* in collaboration with CFDRC
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likelihood of
encounter

Factors Contributing to Sensor
Performance

Performance Measures
Sensitivity

Response Time

False Alarms

Storage and operating lifetimes

Design Optimization
Design of fluid flow

Cellular engineering
vs. imaging system design

Algorithm development

Transport
of Antigen
to Cells*

Photon
Detection

Cell
Response

dosage
noise &
resolution

time to
encounter

processing
time

shear stress noise &
resolution

mechanical
configurations

receptor density,
affinity,
Ca2+storage,
Aequorin

noise &
resolution

noise &
resolution,
intensifier,
(CCD,PD,APD)

cell response
time

coelenterazine
consumption

cell emission
(stimulated, resting)

affinity,valency
dosage,
resting emission

D
a
t
a

* in collaboration with CFDRC

Modeling Tasks
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Transport of Antigen to Cells

• Transport dynamics dependent upon physical properties of
antigen
– buoyancy
– mass
– geometrical shape (sphere, rod, asymmetric, etc.)
– surface roughness

• Diffusion describes transport of ligand molecules, very
small antigens << 1µ diameter

• Suspect that active transport (fluid flow lines) important for
large buoyant particles

• Modeling in collaboration with CFDRC

Velocity Profile Across Well ConfigurationAntigen
Particles

cells
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Development of Empirical Model

Cell stimulation = k* fb(valency)* fk(affinity)*fr(concentration)
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 N = 16
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1Mongini, et al. “Membrane IgM-mediated Signaling…”Journal of Immunology, 1992
2Mongini et al. “Affinity Requirements…” Journal of Immunology, 1991

+
Antigen
• valence
• affinity
• concentration
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Development of Phenomenological
Model

Binding of
surface

receptors

Production of
IP3

Calcium
dynamics

Photon
generation

Perelson & Sulzer*,
Wofsy & Goldstein,
Paek & Schramm,
DeLisi Similar mechanism

by Lauffenburger
and Linderman

Keizer & Smith*,
Othmer-Tang

Shimomura,
Button & Brownstein

Allens, Blinks, & Prendergast*

* Models incorporated into CANARY phenomenological model

+
Antigen
• valence
• affinity
• concentration
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Modeling the Binding of Antigen to the
Cell Surface Receptors

• Model based upon recent work by Sulzer and Perelson, 1996
– Sequential binding events
– Homogeneous distribution of antigen and receptors in cell

volume

Surface receptors

Binding of
free

antigen
with free
receptor

Dissociation
of complex

Crosslinking
of complex

with free
receptor

Dissociation of
crosslinked

complex
= - +-

dt
d

2212111
1 2)1( xRxNxRAN

dt
dx

ffg −− +−−−= κκκκ

B-cell

Antigen
• valence
• affinity
• concentration

eg.
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Antigen Encounter and Subsequent
Increase in Intracellular Ca2+

• Structure of Ca2+ model by Smith, Lee, Oliver, and Keizer,
1996

• Model extracellular Ca2+ influx reflecting physiology:
increased rate with emptying of internal Ca2+ stores

• Model IP3 as a function of crosslinked antibodies

( )outinpumpleakipi
i JJJJJ

dt
dC

−+−+= 3β

( )outini
t JJ

dt
dC

−= βCrosslinked
antibodies

Tyrosine Kinase

IP3

Ca2+ Out

ER

Ca2+ In

Ca2+ ATPase
pump

Ca2+ leak
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Modeling Extracellular Ca2+ Influx

Simulation Results

Ca2+ Out

Ca2+

ATPase
pump

IP3 Ca2+

Channel

Ca2+

leak

Ca2+In

Extracellular Ca2+ (2mM)

1Hashimoto et al. “Inhibitory Modulation of B
Cell …”, J of Biol Chem, pp 11203-11208, 1999.

Time (s)
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M
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• Previously modeled as an exponential
increase

• Model assuming
– Activated by the depletion of the

internal Ca2+ stores
– Jin is regulated by a soluble messenger

Hashimoto1 Thapsigargin
Results with DT40 B-cells
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Current Status of Modeling IP3 Dynamics

( )eqIIPvyTv
dt

dIP
−−= 376

3

cross link
formation

intrinsic
affinity of bond

Activation of Tyrosine Kinase

Production of Inositol Triphosphate

=
dt

ydT fraction of
receptors bound

- Half-life

Tyrosine Kinase

Phospholipase C -γ

PIP2

hydrolyze

DAG

phosphorylate

IP3

**

• Recent elucidation on Tyrosine Kinase activation pathway
may assist modeling IP3 production

37
6

6
3 )( IPv

C
C

tv
dt

dIP

a

a −
+

=
κ

Approximated by 1-e-αt

Does not account for antigen
binding dynamics

Previous model by Smith et al.
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Antigen Stimulation: Comparison of Model
Simulation with Experimental Results

Hashimoto Experimental
Results with DT40 B-cellsSimulation Results

Time (s)
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• Rapid onset
– Experimental data includes antigen transport and diffusion dynamics

• Narrow Ca2+ peak
– Experimental data includes diffusion of Ip3 from production site to

activation site and Ca2+ distribution through cytoplasm

• Plateau of Ca2+ response
– Empirical model used for Tyrosine Kinase activation and Ip3

production
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Modeling Photon Generation

Relationship to convert
Ca2+ to photons from Allen,
Blinks and Prendergast,
1977

n
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1
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Aequorin Apoaequorin + Coelenteramide + CO2 + Light (440-475nm)
fast
Ca2+

slow
Coelenterazine + O2
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log(Ca

2+ 
)

 Shimomura Data (1993)
 Fit to Equation

Kr = .0108, Ktr = 111.94, n=3

Operating Range
for DT40 B-cell

• Determine where CANARY B-cell range is
• Desirable range of B-cell calcium flux  ∈ [50nM - 10µM]
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Reflections on the Objectives of the Modeling
of Biological Systems Workshop

• Important Biological Processes that need to be modeled
– Particle transport to surface
– Cellular signal transduction mechanisms

• Using modeling to assist the understanding of complex
biological systems

– Identification of dominant processes
– Provides support for hypothesis of operation

• Modeling’s ability to assist design of complex integrated
bio-systems

– Evaluate input/output relationships of biological components
– Evaluate tradeoffs between traditional instrumentation

engineering vs. cellular or tissue engineering
– Identify theoretical limitations of biological components

• Roadblocks/Challenges to achieving modeling objectives in
a reasonable time period

– Complex nature of biological processes
– Models are not mature
– Data to support/validate modeling effort



Design Strategies for FieldDesign Strategies for FieldDesign Strategies for Field
Deployment Trials of Bees AsDeployment Trials of Bees AsDeployment Trials of Bees As

Active and Passive Detectors ofActive and Passive Detectors ofActive and Passive Detectors of
Harmful AgentsHarmful AgentsHarmful Agents



Presenters:  Colin  HendersonPresenters:  Colin  Henderson
 & Jerry Bromenshenk & Jerry Bromenshenk

•• Bee Alert! Research TeamBee Alert! Research Team
•• The University of Montana-MissoulaThe University of Montana-Missoula
•• US Army Center for EnvironmentalUS Army Center for Environmental

Health ResearchHealth Research
•• Oak Ridge National LaboratoriesOak Ridge National Laboratories
•• SandiaSandia National Laboratories National Laboratories
•• Pacific Northwest National LaboratoriesPacific Northwest National Laboratories
•• Ohio State UniversityOhio State University
•• Monmouth Aerosol Research LaboratoryMonmouth Aerosol Research Laboratory
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Agent of  Harm

Wind Direction

Semiochemical

Bees Forage
Outward
From Hives

Bees Forage
Upwind toward
Semiochemical
Treated Area

Bees Direct Search
toward Target Agent
Or Device

Undirected
Flight
(Arrange Hives)

Directed Flight

(Train Bees)

Influenced Flight

(Attract Bees)

Bee Real-Time Surveillance Modes:



Sandia Cafeteria Trials

Hive

Bees Initially Unconditioned
to Explosives

Syrup Consumed in 2 Hrs

Anise Lure

DNT

TNT

RDX

ANISE

75 m 75 m

1 m Grid Spacing

W
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Missoula Cafeteria Trials
Hive

Wind

Wind

NONE

ETOH

ACPH

ETOH
+ACPH

Bees Conditioned
to Acetophenone

Hive

75 m

Soils in Petri Dishes

Soil +
1 m Grid Spacing
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Bee Foraging Territories in Alfalfa

@ 50% of Bees in Each Area Came from the Nearest Hives

Gary et al., 1978



Foraging Strategy
 of  a Honey Bee Colony

Temperate Forests, Northeastern U.S.  (Visscher and Seeley, 1982, Estimates from Recruitment Dances)

Low High Mean 1 SD 50th 90th 95th 99th

50 10,100 2260 1890 1650 5000 6000 7700

Range Mean Percentile

Honey Bee Foraging Distances, Meters

95% of the Foraging Sites Covers an Area of 113 km2



Proving Suitability for Field
Deployment

• Active Detection
– Detection efficiency in simulated trials

• latency
• accuracy of detection and location

– Detection limits
• sensory limitations in field conditions

– chemical
– environmental



Proving Suitability for Field
Deployment

• Passive Detection
– spatial / temporal model of bee dispersal from

hive
• naive hives
• acclimated

– dispersal in complex environments
• natural environments
• urban environments



Bee Movement In and Use of
Complex Environments

• Diffusion processes?
• Instinctive biases?
• Habitat

density/qualitative
differences & filter
effects



Artificial Neural Networks Recognize Patterns of Bee
Responses (to weather, chemical exposures, etc.)
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Data- and Knowledge-Mining at the Cellular
and Molecular Level

for Toxin Detection and Characterization

William B. Busa, Ph.D. (wbusa@cellomics.com)
Cellomics, Inc.

http://www.cellomics.com

Andrew W. Moore, Ph.D. (awm@cs.cmu.edu)
Carnegie Mellon University

And Schenley Park Research Inc.
http://www.cs.cmu.edu/~AUTON
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96 “WELL” ARRAY

Cellomics Cellomics CellChipCellChip™™ +  + Aclara MicrofluidicsAclara Microfluidics Permit Integrated Permit Integrated
High-Throughput/High-Content Cell-Based AnalysisHigh-Throughput/High-Content Cell-Based Analysis

96 different assays in a footprint of 0.1 cm2

2.6 mm

4.0 mm

96 “WELL” ARRAY

Cytoskeleton

NF-kB
translocation

Stress protein
translocation

NF-kB
translocation

control

Stress kinase
activation

DETECTOR

DETECTOR

CLASSIFIER

CLASSIFIER
Apoptosis

marker
FRET based Anthrax

Sensor

IDENTIFIER
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Analyzing Multi-Parameter Cellular Biosensor Data
In Real Time

IDENTIFICATION: ANTHRAX (P = 0.99)

CLASSIFICATION: COMBUSTION PRODUCTS (P = 0.60);
ORGANOPHOSPHATES (P = 0.10);
PROTEASE INHIBITORS (P = 0.05)

DETECTION: ANOMALOUS CELL STRESS; UNKNOWN
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Linking Data to Domain Knowledge…

k

a

b

c

d

e

f

g

h

i

jI

II III

Cellular
Knowledgebase

Expression
Profiles

a d i

1 2 3

Screens

AACTCCGAG
GTTATACGC
CCAGAACCG

Sequences

and Vice Versa

Models
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Wnt/beta-Catenin pathway from:
Science’s Signal Transduction
Knowledge Environment
(http://www.stke.org)

Cellular ‘Wiring Diagrams’ for Threat Analysis, Therapeutic
Development, and Biological Modeling:

Populating the Knowledgebase

Expert System:
•Recruited authorities
•‘Army of scribes’
•Community collaboratory

Computational
Approaches:
•Numerous projects involving
   homology detection,
   expression profiling,
   etc.

‘Knowledge Mining’:
•Data & text mining +
  semantic analysis,
  via public & proprietary
  algorithms.

Hybrid System:
•Cellomics Knowledgebase

Knowledge
Mining

Computational
Approaches

Expert
System



Computational Modeling and Simulation in Biological Systems

Review of Discussions of Group Red



Computational Modeling and Simulation in Biological Systems

What are the important biological processes to be
 modeled?
• Metabolic processes -- properties are knowable
• Spatial and spatial-temporal localization
• Information content of signals -- processing and analysis -- Ca2+

• Virulence and infectivity
• Responses to gradients and thresholds
• Switches and decisions
• Non-linear, R-D, pattern formation, moving boundry conditions
• Integration of scales of analysis -- vertical
• Modern computations need leavening with biophysics
• Molecules through populations -- native versus engineered
• Cell-environment interactions
• Physiological and metabolic simulations of tissues and organs
• Approximation of in situ conditions -- identify critical parameters
• In vivo versus in vitro -- relevance of information
• Feedback and process control -- diagnosis program



Modeling of Biological Systems
A Multidisciplinary Course

MOBS Course Home Page

MOBS
MOBS Course Brief Schedule -- Spring 2000
 March 25, 2000 through May 4, 2000

Proceed to the next page

The MOBS Course curriculum is organized into thematic cassettes, each lasting
 six to ten days in length.  Topics will be covered with lectures, demonstrations,
 hands-on laboratory work and discussions with the faculty.

Cassette 1   Introduction to Modeling, including model formulation and
   management, and introduction to laboratory practices.
   Faculty include:  Hummel, Leibholz and Silver

Cassette 2   Cell Structure and Dynamics, including assembly of the
   cytoskeleton, reaction/diffusion and chemical dynamics,
   and compartmentalized metabolic systems
   Faculty include:  Herzfeld, Pearson, Ponce-Dawson, Silver, and Wastney

Cassette 3   Molecular Structure and Dynamics, including moleuclar
   dynamics, electrostatics, force field development, free energy
   calculations and molecular simulations.
   Faculty include:  Eisenberg, Kollman, and Petsko

http://www.mbl.edu/MOBS/



Computational Modeling and Simulation in Biological Systems

What are the immediate defense goals?

• Biodetection

• Antifouling

• Computational linguistics

• Implantable devices

• New vistas for sensors

• Virulence

• Fully sensored battlefield

• Optimization of near term biosensors

• Communicaiton and dialog with cells -- know youcellf

• Knowledge of non-biological impacters



Computational Modeling and Simulation in Biological Systems

I  What computational approaches will enable which
    approaches?

• Multi-scale

• New statistical approaches for very large data bases

• Diagnostic mathematics

• Classical dynamics

• Continuum to discrete and averaged models

• Simplified representation of coupled motion of ions and water

• Structure of water



Computational Modeling and Simulation in Biological Systems

I  What computational approaches will enable which
    approaches?

• Multiple scale

• Tissue and cell modeling

• New statistical methods for large data bases

• Fast algorithms for molecular dynamics

• Methods for computational electronics

• New methods



Computational Modeling and Simulation in Biological Systems

II  What is the current state-of-the-art in computational
      modeling in the field of biology?

• Under-supported

• Target of active prejudice from experimentalists

• No field will benefit more from next iteration of

Moore’s Law



Computational Modeling and Simulation in Biological Systems

III  What are the important biological processes to be
      modeled?                     … and for what purpose?

• Three categories:

• Technological -- biosensors broadly defined

• Cells as Integrated systems and decision processes

• Cells and tissues as natural nanosystems

• Cells and proteins/nuclec acids as ionic machines

• Medical/Clinical

• Scientific



Computational Modeling and Simulation in Biological Systems

IV  What critical experiments/data are needed ?

•  Everything has to be coordinated with specific
biological experiments



Computational Modeling and Simulation in Biological Systems

V  How can current capabilites be extended?

• Visible success

• Permanent multi-disciplinary institutions



Computational Modeling and Simulation in Biological Systems

VI  How can current modeling shed light on multi-
       disciplinary and multi-scale biological phenomena
       and facilitate understanding of scaling
       relationships?

• No understanding without modeling

• Education of the end-users how to usefully model

• Multi-disciplinary Institutes focused on project



Computational Modeling and Simulation in Biological Systems

VII  How can modeling become potential tools in the
        future to enable the design of integrated
        biosystems?

• Integration of multi-parameter

• Standard libraries of essential components

• Hierarchy of standardized scalable tools

• Open source development

• Integration of specialized tools from enterprises

• Need to learn to be predictive, not just descriptive

• Improvements in prediction, understanding, knowledge



Computational Modeling and Simulation in Biological Systems

VIII  What are the roadblocks/challenges and how can
         we achieve the above objectives in a reasonable
         time period?

• People

• Biologists receptive to computation and theory

• Empiricists sensitive to biology

• Nexus of Empiricists and Theorists



Thank you
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Break Out Presentation
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ToolsTools

• Experimental
• Computational

– Physico-chemical models
– Information Systems /Data mining

• Biological Process
• Problems (perceived) of interest
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1. Biological Process1. Biological Process

• Cell Response to Stress
[Problems: cell response to toxin, soldier
response to toxin, or pathogen in field]

Hypothesis–Cell Exhibits Signature Responses to Different 
Kinds of Stress       Modeling Can Help Uncover
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Response to StressResponse to Stress

Apply
Stress

Anthrax
Small Pox
Nerve gas
Osmotic Shock

Basic Q Can we distinguish
Different kinds of stress?

Process measured signals
to define specific stimulus
Process measured signals
to define specific stimulus

System = Cell
Interacting Cells
Soldier

System = Cell
Interacting Cells
Soldier

Measured Response

No Production (s-h)
Cytokine secretion
Calcium release
Change in gene expression (h-day)



1751-112399-5

Computational Tools that Exploit
Empirical Data Sources

Computational Tools that Exploit
Empirical Data Sources

• Combining Evidence
v Computational Diagnosis
v Data Mining
v Probabilistic Networks

• Decision Theory
v Attacking a Spread of Disease
v Rapid Treatment Design

• Optimal Sensor Design via
v Coding Theory
v Information Theory

Use Methods
From
Graphical
Models

Use Methods
From
Graphical
Models
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Current StateCurrent State

Some Subset of
Known Stresses Semi–mechanistic

basis for predicting
responses

Modeling
• Computational Transport Processes in ufluid systems
• Computational Tools that exploit empirical data sources
• Mechanistic Models of complex cell behaviors

(Data-Limited)



1751-112399-7

FutureFuture
Future
Some larger
subset of known stresses Semi mechanistic and correlative 

basis for predicting responses
Need
Problem Definition!

u Organize large amount of existing biological
 data into hierarchical structures 

What has been measured?

What can be measured?

What new measurement methods
are on horizon?

Efficient “packaging” of problems for
improved computational models

Controlled (Quality)
Data Mining/Information
   Systems
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Key Benefits of Modeling

• Predictive simulation for design.
• Doing things that you cannot physically do

(e.g., infect humans, test nuclear weapons,
etc.).

• Introduce probabilistic issues.
• Computer-driven optimization.



Physical Scales of Simulation

• Molecules/atoms (e.g., protein
form/function).

• Molecular ensembles ?
• Fluids (e.g., computational fluid dynamics).
• Cells (e.g., differential equations, feedback).
• Organs ?
• Organisms (e.g., simple feedback models).
• Populations (e.g., simple ecology models).
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Fluids in
MEMS

Protein
Structure and
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Ensembles of
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Whole
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Functionality

Whole Organ
Functionality

Cell

Fluids with
Cells and
Bubbles

Today



Envelope of Feasible Modeling

• You can’t fully model what you do not
understand.

• However, modeling with incomplete
knowledge can drive experiments and lead
to new knowledge.

• Should co-fund experimental work to
expand the envelope of simulation
possibilities and to calibrate models.



Software Embodiments

• Need standards for interoperability and user
interface.

• Case-by-case codes developed by skilled
researchers tend to be lost unless captured
within commercial codes.

• Need “wide physical dynamic range”
simulation capability.



General Points

• Need tighter coupling between user and
modeler communities.

• Need to define spatial and/or numerical
resolution of simulations required for
specific tasks or parts of tasks.

• Need to expand simulation capabilities
(bubbles, particles, menisci, inhomogeneous
fluids, chemistry, dilute analytes, etc.).



High Yield Opportunities

• Interoperability.
• Focus rather than “whole waterfront”

funding.
• Optimization for some defined functions.
• Using simulation to address complexity

(even with closed-form equations,
simulation is needed for this).
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